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1. Introduction

Hundreds years ago, the news is spread by talking from one person to another. At that time the
spread speed amlistances largely limited As the traditional media riséere are many way for
news to spread like TV or newspapBiowadays, aremergingchannel for news to spread is
online social network site (SNS) like Twitter or Facebwdiere users can broadcast inforimiat

to their friends anadthers who care about Among various micro blogging systems, Twitter is
the most popular service by far. In US and the watidreare more than 175 million twitter
users [1]. The news received from twitter is mioitantaneaosiand fast spreading. We saw SNS
played important role in many social evelite Arab springor Olympic gameln this paper, we
will first make a literatureeview about twitter like social network and its mechanism. Then we
will investigate thequestionfirst of all, gving the same network condition, what will influence
the spread the newSecondly, what will happen when the networlgrewing?Finally, we will

introduce a complementary HubNet activity and the limit of the model.

2. Literature Review

Like other social network websites, Twitter is a websiteere users register, fill in their personal
profiles, choosesome of the other users who are already in the websitelltov, and then
broadcast their thoughts or moods in a ligfitt40 words. When thesers you are following say
something new, they will appear in your timeline atllbenepage of Twittedn this model, we

use the scale free network to simulate the ingsadditionof the network. According t®echun



L i sureport[1], n the past,Tong yang Yu collected 4036 usetd a SNS website and their
relationships to form amindirected graphg] He studiedsome basic attribute dahe graph,
including the degredistribution, clustering, andetwork core, finding that theetwork of SNS

users is lilely to be a scaléree netvork. Though Twitterlike webste forms a directed graph,
themain attribute is the same.

Many researchers have investigated the relationship among centrality, cluster coefficient and
network. They provided different kindsf calculaion model for discrete graphs. We use the
basic approach to access the centrality. For dical Icluster coefficient, we tak8tonedalik

paper as reference [4]. In this following section, we will discuss the correlation among the

number of people receivattw, the centrality of news creator and its local cluster coefficient.

3. The Model

In this model, every node represents a person in the SN8llow square represents the news.

Initially, we randomly pick a people as news creator. The news spread follow the below rules:

a. Every people held the news will twitter the news to all their neighbors

b. When a person receives the news, he may besteer to the news. In this case we say this

people hold the news

c. If a person has totally different opinion with the news creator, he will read but ignore the news

The network can grow as the news being spread on the neffilwlgrowth follow the below

rule:

a. If the person holds the news, he will follow the creator of that piece of news



We visualize the above rule usingferent color as shown in Fid.. Red color is one group of

people with same opinion. If we want to investigate the influence dadrdift opinion, we can

split the entire graph to form two groupsed and blue. The blue will ignore the news. Pink
nodes represent those people hold the news. The green represent those people with same opinion
but are not interested in the news. The greyasent those people with different opinion but
received the newsBoth grey and green nodes read the news. However, theyt wother

retwitter it.
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Fig. 1 overview of SNS simulation model

The Figlis an overview of the running mod#&\e use two different kinds ahetricsto describe
the characteristic of a node metwork—centrality and local cluster coefficierdccording to
Forrest Stonedahthefraction of neighbors of the node whose neighbors are also neigbbors
the target nodenormalized by the highestusteringcodficient in the network. The lower the
clustering coti cient of a nodethe less overlap there is among its neighbors, encouragiey

adoption more quickly4]. As described in papéMethods to Determine Node @teality and



Clustering in Graphs with Uncertain Structufé], the centrality can be used to describe how
important a node is in a graphhere are four different types of centrality. Here we mainly use

the degree centrality and closeness centraligntdyze the graph.

4. Simulated Result Analysis
4.1. Single color graph

We first let the network grow for 200 cyclesd therperform news spread function. The result

is shown in Fig2. We found that the number of people received the newsoortiond to the

centrality.
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Fig. 2 Number of people received news versus centrality
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Fig. 3Number of people received news versus cluster coefficient



The clustemeasuremens shown in Fig3. The number of people received the news is inverse

proportional to the local cluster coefficient.

4.2. Two color graph

The simulation result of two color graph is shown in %and Fig6.

Fig. 4 Network for two colors
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Fig. 6 Number of people received news versus cluster coefficient

The result is similar to one color graph that the number of people received the news is
proportionalto the centrality and inverse proportional to the local clustefficient. However,

we found that the absolute value of the number of people received the news is smaller compared
with single color graph. Thesason for this phenomenal is that the blue node clock the news

spread along some path so that incretisedifficulty for news being spread.

4.3 Network Brolving

We also observe the number of people received the news among differest The result is

shown in Fig. 7.
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Fig.7 Number of people received news versus tick

We can conclude thasthe network growing, with the same news life cycle, more people can

receive the news. This is becawskenthe network grows, the entire network becomese



connected. There is one interesting found that after certain cylsteaumber seems saturated.
This saturation comes from the news Idgcle, which limitsthe depth the news can spread.
Under the condition that the total number of nodes is much more than the saturated number, if

we increase the new life cycle, more pkeowill receive the news.

4.4. Influence from Network Evolving

After waiting for the network to grow for a long time, we measure the relationship between
number of people received the news and the centraigy result is shown in Fi@. Although as

a whde this graph stiltells us the proportional relationship between number of people received
the news and centrality, it is more saturated, especially in lovagrsxregion. This comes from

the quite connected graph. Some node even has low centralitgudgethe graph is quite

connected, the news still get spread.
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Fig.8 correlation after long time network growth

5. Comparisorwith Reference Pattern

We consideralidatingour simulation data with reference pattern. In’ kipapef1], they got

the result of rumor spread with timEhis model is related to out simulation. From her result as



shown in Fig9, we found the number of rumor is proportional to the time. This result matches

out result shown in Fig.
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Fig. 9Liu’s result

In the paper“Want to be Retweeted? Large Scale Analytics on Factors Impacting Retweet in
Twitter NetworK [3], the author provide the statistics about the real twitter diatéig. 10, on

the Xaxis,we put users into buckets according to an intervarotind100 followers, ranging

from O to roughly 5000. On thé-axis, we plot the retweet rate of users in that partidulaket.

It shows a very strong lineaelationshipbetween the number of followers-éxis) and retweet

rate (yaxis).In other words, intuitiely, the larger is the audience, timere likely the tweet gets

retweetedThis result is the same as our result for the centrality.
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Joseph J. Pfeiffestated the methods to measure the centrality and cluster coefiicct@atpaper
[5]. He illustrated that theorrelationbetween centrality and local cluster coefficient is inverse

relationship. This conclusion further validates our result from simulation.
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6. Complementary HubNeictivities

As a complement to the NetLogo Social Network simulation model, | designed a HubNet

activity that allows a group of people in classroom participate atheity is shown in Fig. 12
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Fig. 12 HubNet activity



In this activity, each participate student is a node in the network. They can use their mouse in
client to choose the people they want to follow (connect). They chckréhat people taemove
thefollowing relationship(disconnect). In this case the networklvig a truly dynamic network
where everyones tryingto optimize their own networkThe purpose of this activity is to receive

as many news as possible.

Fig. 12is a demo running of the HubNet activity. In the screen there are three clients and one
serve. Because the news creation and spread rule is the same as NetLogo model, which means
people do not know who will create the next news. It is impossible for student to connect to
some kind of stabl@ews creatorBesides, the server can limit the totalmher of links one
student can form. This constraavoid the case that students may want to link to every other

students and eventually the network will become fully connected.

Your name
Alex

Number of news you received
5

Top Twitkerer
Alex

Top twitterer's news
3

Fig. 13 Client window



One possiblescenaridor this activity is that, the network will form some cluster. To receive the
maximum amount of news, students try to connect to different cluster. However, this behavior
will break theestablished cluster. The interesting result is the network is undgnamically

changing condition.

7. Limit and Future Work

The main limitation in this simulation model is that we dtdntroduce the real SNS data. All
the network topology comes from idea situation and algorithm growth. Although out model is

still representative. It is different from real situation.

8. Conclusionand inspiration

In this paper we built a Social Network Site model and investigate the characteristic of nodes that
will influence the spread of news. We found that the number of people redbvatews is
proportional to the centrality and inverse proportional to the local clWfenalidate our result

by comparing with other reference and previous works.

This result explained why celebyis twitter can be seen by many people. First oftlaly have
many followers, which mean they have a compared large centrality. Secondly, their followers are
quite diverse. So their local cluster coefficient is small. This result also gives us some
inspirations. To expand our network, we should try to nakenection with more pety and
more important thing is thave need to meet different kinds of people from diffenegions

with different backgrounds.

Besides, as we see from network growth simulation, as the network become more connected, the

numberof people received news is larger. As the time goes by, when moreaageople have



access to the internet, our society can be more closely connected and the speed of news spread

will be much faster.
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